Data Warehouse:
Data Warehouse (DW) is a collection of technologies aimed at enabling the knowledge worker (executive,manager,analyst, etc) to make better and faster decisions. Many researchers and practitioners share that a data warehouse architecture can be formally understood as layers of materialized views on top of each other. A data warehouse architecture exhibits various layers of data in which data from one layer are derived from data of the lower layer. As defined by the "father of data warehouse", William H.Inmon, a data warehouse is "a collection of Integrated, Subject-Oriented, Non Volatile and Time Variant databases where each unit of data is specific to some period of time. Data Warehouses can contain detailed data, lightly summarized data and highly summarized data, all formatted for analysis and decision support" (Inmon, 1996) . In the "Data Warehouse Toolkit", Ralph Kimball gives a more concise definition: "a copy of transaction data specifically structured for query and analysis" (Kimball, 1998) . Both definitions stress the data warehouse's analysis focus, and highlight the historical nature of the data found in a data warehouse.
fig: five stages of data warehouse

Ensuring Data Quality
Data quality is an increasingly serious issue for organizations large and small. It is central to all data integration initiatives. Before data can be used effectively in a data warehouse, or in customer relationship management,enterprise resource planning or business analytics applications, It need to be analyzed and cleansed .Understanding the key data quality dimensions is the first step to data quality improvement. To be processable and interpretable in an effective and efficient manner, data has to satisfy a set of quality criteria. Data satisfying those quality criteria is said to be of high quality. In order for the analyst to determine the scope of the underlying root causes of data quality issues and to plan the design the tools which can be used to address data quality issues, it is valuable to understand these common data quality issues. For the purpose of it the classification formed will be highly helpful to the data warehouse and data quality community.
Data Quality Issues at Data Sources:
The source system consists of all those 'transaction/Production' raw data providers, from where the details are pulled out for making it suitable for Data Warehousing. All these data sources are having their own methods of storing data. Some of the data sources are cooperative and some might be non cooperative sources. Because of this diversity several reasons are present which may contribute to data quality problems, if not properly taken care of. A source that offers any kind of unsecured access can become unreliable-and ultimately contributing to poor data quality. Different data Sources have different kind of problems associated with it such as data from legacy data sources (e.g., mainframe-based COBOL programs) do not even have metadata that describe them. The sources of dirty data include data entry error by a human or computer system, data update error by a human or computer system. Part of the data comes from text files, Table1: causes of data quality at Data source 
Causes of Data Quality Issues at Data Profiling
When possible candidate data sources are identified and finalized data profiling comes in play immediately. Data profiling is the examination and assessment of your source systems' data quality,integrity and consistency sometimes also called as source systems analysis 
Data Quality issue at D ata Staging ETL(Extra action), Transformation and Loading)
One consideration is whether data cleansing is most appropriate a the source system, during the ETL process, at the staging database,or within the data warehouse..A data cleaning process is executed in the data staging area in order to improve the accuracy of the data warehouse. The data staging area is the place where all grooming' is done on data after it is culled from the source systems. Staging and ETL phase is considered to be most crucial stage of data warehousing where maximum responsibility of data quality efforts resides.It is a prime location for validating data quality from source or auditing and tracking down data issues. Some of the identified area from literature review are shown in The inability to restart the ETL process from checkpoints without losing data 12
Lack of Providing internal profiling or integration to third-party data profiling and cleansing tools.[ 13 Lack of automatically generating rules for ETL tools to build mapping s that detect and fix data defects 14
Inability of integrating cleansing tasks into visual work flows and diagrams 15
Unhandled null values causes data quality problem 16
Lack of automated unit testing facility causes data quality problem
Causes of Data Quality Problems at Data Modeling (Database Schema Design) Stage.
The quality of the information depends on 3 things:(1) the quality of the data itself,(2)the quality of the application programs and (3) the quality of the database schema [19] . Design of the data warehouse greatly influences the quality of the analysis that is possible with data init. So, special attention should be given to the issues of schema design. Some of the issues such as slowly changing dimensions, rapidly changing dimension, and multi valued dimensions etc .A flawed schema impacts negatively on information quality. Table is depicting the listing of some most important causes of data quality issues at data warehouse schema designing 
Suggestion for improving Data quality: Enterprise Architecture
Creating and maintaining enterprise architecture (EA) is a effective method for controlling data redundancies as well as process redundancies, and thereby reducing the anomalies and inconsistencies that are inherently produced by uncontrolled redundancies. EA is comprised of models that describe an organization in terms of its business architecture (business functions, business processes, business data, and so on) and technical architecture (applications, databases, and so on). Purpose of these models is to describe the actual business in which the organization engages. EA is applicable to all organizations, large and small. Because EA models are best built incrementally, one project at a time, it is appropriate to develop EA models on DW and BI projects, as well as on projects that simply solve departmental challenges.
Data Quality Improvement Process
In addition to applying enterprise-wide data quality disciplines, creating an enterprise data model, and documenting metadata, the data quality group should develop their own data quality improvement process. At the highest level, this process must address the six major components shown in figure These components are:
.Assess-Every improvement cycle starts with an assessment. This can either be an initial enterprise-wide data quality assessment, a system-by-system data quality assessment, or a department-by-department data quality assessment. When performing the assessment, do not limit your efforts to profiling the data and collecting statistics on data defects. Analyze the entire data entry or data manipulation process to find the root causes of errors and to find process improvement opportunities.
Another type of assessment is a periodic data audit. This type of assessment is usually limited to one file or one database at a time. It involves data profiling as well as manual validation of data values against the documented data domains (valid data values) .Plan-After opportunities for improvement have been defined, the improvements should be analyzed, prioritized, approved, funded, staffed, and scheduled. Not all improvements have the same payback and not all improvements are practical or even feasible. An impact analysis should determine which improvements have the most far-reaching benefits. After improvement projects have been prioritized, approved, and funded, they should be staffed and scheduled.
.Implement-In some cases, the data quality group can implement the approved improvements, but in many cases, other staff members from both the business side and IT will be required. For example, a decision might have been made that an overloaded column (a column containing data values describing multiple attributes) should be separated in a database. That would involve the business people who are currently accessing the database, the database administrators who are maintaining it, and the developers whose programs are accessing it.
Evaluate-the best ideas sometimes backfire. Although some impact analysis will have been performed during planning, occasionally an adverse impact will be overlooked. Or worse, the implemented improvement might have inadvertently created a new problem. It is therefore advisable to monitor the implemented improvements and evaluate their effectiveness. If deemed necessary, an improvement can be reversed.
.Adapt-hopefully, most improvements do not have to be reversed, but some may have to be modified before announcing them to the entire organization or before turning them into new standards, guidelines, or procedures.
.Educate-The final step is to disseminate information about the new improvement process just implemented. Depending on the scope of the change, education can be accomplished through classroom training, computerbased training, an announcement on the organization's intranet website, an internal newsletter, or simple e-mail notification.
Data Quality Disciplines:
Organizations have a number of data quality disciplines at their disposal, but rarely will they implement all disciplines at once because improving data quality is a process and not an event .
Figure shows the common data quality improvement activities in each of the five data quality maturity levels based on Larry English's adaptation of the capability model (CMM) to data quality. The five levels are:
Fig 3 data quality improvement activities
Level 1: Uncertainty-At Level 1, the organization is stumbling over data defects as its programs abend (crash) or its information consumers complain. There is no proactive data quality improvement process, no data quality group, and no funding. The organization denies any serious data quality problems and considers data analysis a waste of time. Or the CIO is ready to retire and doesn't want anything to disrupt it. Basically, the organization is asleep and doesn't want to be awakened.
Level 2: Awakening-At Level 2, the organization performs some limited data analysis and data correction activities, such as data profiling and data cleansing. There still is no enterprise-wide support for data quality improvement, no data quality group, and no funding. However, a few isolated individuals acknowledge their dirty data and want to incorporate data quality disciplines in their projects. These individuals can be data administrators, database administrators, developers, or business people.
Level 3: Enlightenment-At Level 3, the organization starts to address the root causes of its dirty data through program edits and data quality training. A data quality group is created and funding for data quality improvement projects is available. The data quality group immediately performs an enterprise-wide data quality assessment of their critical files and databases, and prioritizes the data quality improvement activities. This group also institutes several data quality disciplines and launches a comprehensive data quality training program across the organization.
Level 4: Wisdom-At Level 4, the organization proactively works on preventing future data defects by adding more data quality disciplines to its data quality improvement program. Managers across the organization accept personal responsibility for data quality. The data quality group has been moved under a chief officer-either the CIO, COO, CFO, or a new position, such as a chief knowledge officer (CKO). Metrics are in place to measure the number of data defects produced by staff, and these metrics are considered in the staff's job performance appraisals. Incentives for improving data quality have replaced incentives for cranking out systems at the speed of light. Level 5: Certainty-At Level 5, the organization is in an optimization cycle by continuously monitoring and improving its data defect prevention processes. Data quality is an integral part of all business processes. Every job description requires attention to data quality, reporting of data defects, determining the root causes, improving the affected data quality processes to eliminate the root causes, and monitoring the effects of the improvement. Basically, the culture of the organization has changed.
II. Conclusion
In this paper attempt has been made to collect all possible causes of data quality problems that may exist at all the phases of data warehouse. My objective was to put forth such a descriptive classification which covers all the phases of data warehousing which can impact the data quality. And also to provide solution for improving Data quality. The motivation of the research was to integrate all the sayings of different researches which were focused on individual phases of data warehouse. Such as lot of literature is available on dirty data taxonomies This paper is helpful for the data warehouse practitioners, implementers and researchers for taking care of these issues before moving ahead with each phase of data warehousing. It would also be helpful for the vendors and those who are involved in development of data quality tools so as to incorporate changes in their tools to overcome the problems highlighted in classifications
Future work
Each item of the classification will be converted into a item of the research instrument such as questionnaire and will be empirically tested by collecting views about these items from the data warehouse practitioners, appropriately.
